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1 Intro duction

From the beginning of my undergraduate courseuntil today, I've beenworking in the elds
of Computer Vision and Pattern Recognition. In this documert, | intend to provide the
readerwith the main facts about my researt badground and outline my personalworking
style aswell. The text coversthe main problems| had to deal with, problem-solving steps,
choices, decisions,accomplishmens and aws. Additional results, demonstrations, source
codes and even referencesto third-part y methods cited in this documert are available on
my researt website [8].

2 Undergraduate Research Scholarships:
Unsup ervised Texture Segmentation (09/1999 { 03/2002)

2.1 Overview

My researt activities started in the secondsemesterof 1999, when | joined the Digital
Image ProcessingGroup (NPDI) of the CS department of Federal University of Minas
Gerais, Brazil, and beganto work with ProfessorArnaldo Araujo on a cortent-based in-
formation retrieval project. | worked for two-and-a-half yearson this project and for eath
year | earned an undergraduate scholarship from the Brazilian governmert. The main
target of the project was to help biologists of Ezequiel Dias Foundation (FUNED), a lo-
cal researt institution, to inspect co ee bean samplesand automatically classify pollen
grains, in both casesby analyzing imagesacquired from electronic microscopes. For the
rst case,the NPDI team was supposedto develop one application that would receiwe a
microscope image of a co ee sampleand return a purity score. For the secondone, biolo-
gists expected, initially , a software that would allow the userto mark a pollen grain region
on a sampleimage to be classi ed. They also wanted the nal version of the system to
automatically segmem, classify and court pollen grains from the whole sample. Due to



peopleand resourceconstraints, only a few personscollaborated on this project: Professor
Arnaldo himself as the coordinator, one doctoral student (who was working concurrertly

on his dissertation) and two undergraduates(including myself). Dr. Esther Bastos, from

FUNED, helped us by supplying the team with the images.

2.2 Solution

The rst problem we had was to establish which would be the best descriptive image
features for eadr material under analysis. For the pollen case, prior work suggesteda
conour-based description. Howewer, by inspecting the available imagesof both caseswe
decided to characterize them by texture cortent. We cameto the conclusionthat the
system should rst detect low-level texture classesand then combine those classesinto
ead category of material. Since ProfessorArnaldo also wanted to obsene the behavior
of wavelet texture features and neural networks in segmemation, my duty was to study
those two subjects and dewelop a segmemation approad. | spert a few months getting
familiar to Image Processing,Computer Vision and Arti cial Intelligence concepts. After
that, we proposeda two-step segmetation technique: rst a self-organizingmap (SOM)
neural network is trained to selectthe most represenativ e wavelet energytexture features
from an input image and then the low-level texture classesare extracted by applying an
unsupervised version of k-means clustering on the trained SOM weights. The clustering
method is unsupervisedin sensethat it choosesthe number of classeqk) at ead iteration.
In fact, we neededan unsupervisedmethod becauset wasn't possibleto tell the number of
low-level textures presert in a particular material's image (or set of images)by just looking
at it. We experiencedgood qualitativ e results (Fig. 1) and published one poster [1] and
two full-papers|[2, 4] presening the approad.

2.3 Results and Implemen tation

Although we successfullyfound the texture classesof ead of material through segmen-
tation, we didn't gure out how to compare two sets of texture feature vectors. | even
attempted to work out this problem on my own, by using the SOM itself as a represen-
tation and dropping the feature vectors. In fact, | wanted to try out a matching scheme
basedon a SOM dissimilarity measureproposedin one of the articles | studied. To eval-
uate the idea, | built some mosaicsfrom Brodatz texture cuts and organized them into
classes.Inside a class,the sametexture cuts varied in position, size and shape. If within

and between classes'sdissimilarity scoresindicated good discrimination results, the next
step would be to perform experiments with more complex texture-based classeslike the
pollen grains and co ee beans.



Torun the experiments, | preparedLinux bashscripts calling the main training and testing
routines, which were all coded in C++. The scripts made possibleto scedule the tests
and keeptrack of the results, by sendinge-mails periodically. We published this matching
idea as a poster [3], but | had almost no time to ched the results. At this exact momert,
I nished my undergraduate courseand my sdolarship ended.
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(b) Mixed sampleand results

Figure 1: Texture segmetation basedon haar wavelet featuresand classi cation results for
a co ee beansampleand a mixed one. The rst example(a) is a \training" sample,from
which the segmemation method detectsthe main low-level texture classesead represened
by a particular gray-level. Example (b) shovs a mixed sample corntaining co ee beansand
other materials, like barley. For that case,the system was expectedto rst isolate eat
object and then match its detected low-level texture classesagainst previously known
texture classesof other materials. By doing that, we would be able to count co ee beans
and/or estimate the sample'spurity.



3 Computer Science Capstone Pro ject:
The Computer Vision System for Nomad 200 (2001)

3.1 Overview

For my capstoneproject, | developed a systemto identify room number plates like the ones
that appearin Fig. 2. The idea wasto help the Nomadic Tednologies'sNomad 200 mo-
bile robot of the Vision and Robotics Laboratory (VERLAB) to navigate autonomously
through the CS department corridors, using the room number plates as arti cial visual
landmarks. The robot was equipped with a Linux PC, an ordinary CCD cameraand a
Matrox frame grabber.
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Figure 2: Examples of room number plates of the CS departmernt.

3.2 Solution

The vision systemcomprisestwo main phases:room number plate location and digit recog-
nition. According to the designedsolution, the plate is located in the sceneby seekingthe

four regionswith the most similar bounding boxes in terms of size and position. Four is

the size of the digit string being seartied. In the rst stage,the image is pre-processed
by running histogram equalization, binary thresholding and median Itering. Then, every

eight-connected region (Fig. 3-a) is assigneda cluster label by employing an hierarchical

version of the nearest-neighbor clustering algorithm. From the resulting clusters, only

oneis consideredto be the room number plate itself (Fig. 3-b), in caseits aspect ratio is

within an expectedrange. In the nal step, zoning feature vectors are extracted from eadh

menber of the selectedcluster and fed to a three-layer perceptron neural network for digit

recognition. Zoned features are computed by placing an imaginary grid over the digit's

binary image and then computing the percern of black pixels inside ead cell (or zone).

The neural network was trained according to the badkpropagation rule with momertum
term and early-stopping to prevernt overtraining. Weights were adjusted using the stan-
dard gradient descem algorithm, minimizing the sum of square errors criterion function.
Network errors were estimated from a hold-out validation set containing approximately
25% of the number of examplesin the database. The training featureswere extracted from



(a) Eight-connected region segmetmation (b) Nearest-neiglbor clustering

Figure 3: Main processingsteps of the room number plate detection stage of Nomad's
vision system. Eight-connected regionsappearin di erent colors,in both images. Regions
having their height greater than their width are potential digits and appear bounded by
a red box in (a). Those regions are clustered later, and the cluster cortaining the four
most geometrically similar regionsis considereda candidate room number plate (b). If the
candidate's aspect ratio is within a certain range, the cluster is output asa detected plate.

four-digit strings generatedarti cially . | decidedto usean arti cial training set because
taking pictures by moving the robot around or by positioning the camerain front of the

room plates was simultaneously di cult and time-consuming. Besides,| wanted to pro-

duce a balancedtraining set with classexamplesequally distributed in standard rotation

anglesand skewnessconditions. All | had to do was reproduce the digits accordingto the

samefont style of the originals and then apply geometric transformations to the copies,as
illustrated in Fig. 4.

Figure 4. Examples of arti cially generatedroom plate numbers.

3.3 Results and Implemen tations

The system was delivered as a fully functional software and successfullyembedded into
Nomad. The results for test images were interesting { the robot was able to read the



number plates correctly, every time he found a plate. Howewer, | noticed that the plate-
nding strategy was the weaker point of the whole system and should be re-deweloped,
since Nomad frequertly failed to nd plates, sometimeseven when standing in front of
them. In fact, the work lacked proper quartitativ e testing: no experiments were prepared
to evaluate in which rotation, scaling, skewnessand lighting conditions the vision system
would be able to nd the plate. Anyhow, oncethat the project comprised many Image
Processing,Computer Vision and Arti cial Intelligencetechniquesthat | learnedand coded
all by myself, it wasselectedamongthe best capstoneprojects and presened to the general
public asa posterin the university campus. The code waswritten in C++ and includesall
image processingroutines, the arti cial room number plate generator and the multi-layer
perceptron training plus classi cation framework.

4 Master of Science in Electrical Engineering:
Text Segmentation for License Plate Lo cation
(04/2003 { 04/2005)

4.1 Overview

After about one year deweloping Java viewers for satellite and aerial imagesat a geopro-
cessingsystemscompary, | decidedto get bad to scool for a Master degree. | applied
and was acceptedto the Electrical Engineering graduating program at Federal University
of Minas Gerais, Brazil. | then joined the Computational Intelligence and Tecnology Lab
(LITC) and started to work with ProfessorAntdnio Braga, my thesis adviser. We wanted
to dewelop a visual systemto support public and private security by nding and recognizing
vehiclesin urban scenarios. First, ProfessorBraga wanted to focus the work on the char-
acter recognition of the licenseplates but | argued that we would come up with a better
contribution to the eld if we concenrrated our e orts in plate location. My argumerts
arousedfrom what | obsened when working on the plate- nding stage of Nomad's vision
system and from the papers on automobile plate recognition that | had already studied.
He agreedto my opinion and we started looking for licenseplates.

4.2 Solution

The licenseplate is a particular pattern that usually varies within and between contexts,
for instance, in shape, badkground aspects or identi cation string styles/colors. Many pre-
vious license plate location strategies rely basically on one of those properties, without
(or barely) consideringthe most represettativ e property of the pattern: the presenceof
text content. The text string of the licenseplate characterizesit simultaneously in terms
of local edgedensity, geometry and gray-level cortent. For that, we decidedto approac
plate location by dividing it into two tasks: rst, potential text fragmens are extracted



from the sceneand then real licenseplates are classi ed amongthe detected fragments, by
consideringother context or application dependen information. The purposeof my thesis
work wasto deal with the rst problem.

Sincetext characters are symbols built by line segmeis or strokesat di erent directions
and of varying sizes,| choseto look for text by examining an intermediate image represen-
tation able to describe visual content accordingto di erent orientation channelsand scales
of detail { the wavelet feature space. Furthermore, prior researt hasreported encouraging
results from using wavelet features on generaltext localization.

The rst problem wasto choosewhich wavelet orientation featureswould be more suitable
to my particular pattern recognition task. | decidedto selectfeatures by looking for the
structural aspectsof licenseplate cuts that wererelated to horizontal, vertical and diagonal
sub-band energyfeatures. This was performed through the following experiment: rst, for
eat manually segmeted plate cut of our image dataset, the testing systemcomputed the
horizontal, vertical and diagonal sub-band energiesof the rst three scalesof detail or,
interchangeably discrete wavelet transform (DWT) decomposition levels. Then, for some
test images,details were highlighted by placing red circles around pixels which energyval-
ueswere above a given threshold. Finally, the systembadkprojected the coordinates of the
details to their reciprocalsin spatial domain, which were labeled according to the corre-
sponding orientation. Energy statistics and spatial localization of the orientation sub-band
details are reported in the graphicsof Fig. 5. The results allowed usto seethat horizontal
and vertical sub-bandsare responsible for the greatestfraction of the energyand details in
the three scales(around 90%together). When inspecting the spatial localization of details,
howewer, we saw that vertical energy seemsto be far more connectedto the actual text
cortent of the images. We then concludedthat if horizontal and diagonal sub-band infor-
mation werediscarded,a great volume of details assaiated to seweral uninteresting regions
of the scenewould be discardedas well, without signi cant harm to the local properties of
the text pattern.

From those obsenations, | deweloped an unsupervised text-segmeration method to nd

text fragmerts happeningin di erent sizes,orientations and against cluttered badkgrounds,
described asfollows: rst, vertical sub-bandcoe cien ts are normalized to highlight saliert
details. The coe cien ts are clustered into regions, by blurring vertical sub-band images
with a gaussian Iter and then thresholding the result. The regions are segmented by
badtracking the eight-connected white blobs produced by the thresholding procedure,
from which a list of bounding boxesis computed and stored. After segmemation, a spatial
selection stage is performed on the regions detected in the previous phase, so that only
long-length regions are kept. The rotation angle of ead region is determined by least-
squareslinear regressionand the bounding boxesare badkprojected from spatial-frequency
to spatial domain. This normalizesthe positions and sizesof the detected regionsto coor-
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Figure 5: (a) Sub-band energiesof about 550 plate cuts manually extracted from our

image databases,for the rst three scales. (b) The orientation details' behavior in both

the energy-normalizedsub-band imagesand spatial domain. Red circles indicate presence
of details, that is, pixels which energyis above mean plus one-half standard deviation for

eat orientation sub-band. Horizontal, vertical and diagonal details are also labeled as
blue squares,greentriangles and red circlesin spatial domain, respectively. As canbe seen
from both domains, vertical details are more evidert and better distributed throughout

the whole text string, despite that the plate cut is not horizontally aligned, which is an
important result. This evidenceis even stronger in the rst scale,as indicated by the red

dashedrectangle in (b). From the energy graphic, horizontal sub-bandsaccumnulate, in

average, from 42 to 47% of the energy but their details are concerrated mostly at the

plate borders. Diagonal sub-bandscontain no more than 11% of the whole energy and
are more related to the upper border of the licenseplate and other few details along the

characters.

dinates and dimensionsin the spatial domain, where the next stage of the method is held.
Finally, in the content-based selectionstage, text fragmens are picked among the remain-
ing regions (or text candidates). It is executedby comparing two spatial-cortent features
extracted from ewvery candidate with referencevalues. The rst onerefersto the row regu-
larity of vertical transitions (or edges),while the secondquarti es the fraction of the text
candidate that correspondsto the largest cluster of transitions found. The work preserts
alsoatechnique to selectthe most relevant transitions, basedon the candidate's histogram.



4.3 Results and Implemen tations

The rst experimert elaborated was a simple qualitativ e evaluation procedure. An image
control setwas built to give an idea of how the method would behave later, in real situa-
tions. In thoseimages,a Brazilian licenseplate string appearsin v etext fragmens with
di erent sizesand in three anglesof rotation (0 , 45 and 135) someof the fragmerts onto
a white badground and others su ering from noise. Fig. 6 shows that the method did well
onthe rst testimage,whereonly the sizeof the text fragment varies. The bounding boxes
are well-positioned, and only the rst text fragmernt was discardedat the spatial selection
stage,for beingtoo small. A negative result is the fact that variations in the rotation angle
a ect the range of sizesin which text fragmerts can be located, noticeable from the results
on the rotated samples. In presenceof noise,the proposedsolution wasstill able to retrieve
text fragmerts and to suitably position their bounding-boxes, exceptagain for the smaller
text, which was wrongly bounded, badly oriented and also mergedinto other neighboring
regions. Another obsenation is that the samefragmernt can be located in more than one
scaleof detail { from the resulting images,we can seea singletext fragmert beingbounded
by almost equal overlapping boxes.

Figure 6: Results of the qualitativ e simulation. Each row of the image presents the outputs
of the method after a particular stage: region segmetation, spatial selectionor cortent-
basedselection.

The secondexperiment was performedon 580imagesfrom four databases three containing
license plates and one having generalimageswith text. Parameterswere kept the same
during all executions. Results were evaluated accordingto two indicators, calculated after
running ead of the three phasesof the method. The rst, true positives(l tp), measures
the accuracy of the method in terms of fragment nding. It is computed by intersecting
the returned fragmerts with manually selectedregions (ground-truth). The secondindi-
cator, false positives (I gp), evaluatesthe capacity of removing undesiredregionsfrom the
image. It is quarti ed by the areaof returned fragmerts that do not belongto the manu-
ally selectedregions. Figs. 7(a-d) presen a few qualitativ e results for the four databases.
Quantitativ e results appearon the Tab. 1: the method reached 96.50%o0f true positivesand
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Figure 7: Qualitativ e results on samplesfrom (a-d) the four tested image databasesand
from (e-h) downsizedimagesof ICDAR 2003 competition. Output text fragmerts appear
bounded by rectangles.

wasableto reducethe falsepositivesfrom 33.35%to 4.69%,for one of the tested databases.

Sgmentation Smtial Seletion | Content-Basal Seletion
Database Itp lep Itp lep I1p lep
98.21% | 26.42% | 95.77% | 13.16% | 91.82% 5.37%
96.65% | 34.83% | 93.87% | 14.55% | 91.04% 5.79%
98.06% | 33.35% | 97.68% | 20.45% | 96.50% 4.69%
96.00% | 26.44% | 89.53% | 13.34% | 73.92% 7.78%

O 0O o>

Table 1: Quantitativ e results for real scenesfrom the databasesA-D, after ead stage of
the method.

The method was also tested on 20 sampleimagesfrom the Robust Text Location Contest
of ICDAR 2003 (International Conferenceon Document Analysis and Recognition). The
pictures are real scenespresening text in very di erent contexts and are usedto evaluate
the performance of the location algorithms. Many of them have resolutions above those
expectedin my work, up to 1600x1200pixels, which made necessaryto reduceimage sizes
and/or perform the DWT in more than three decomposition levels. Quantitativ ely, results
were computed accordingto precision (p% and recall (r9 indicators and their corbined re-
sult (f ), asde ned by the organizers. The bestresult obsenedfor this databasewasa nal

scoreof 40:11% (Tab. 2). In that case,imageswere downsizedto 320x240pixels. As a ref-



erence,the best three methods (from the v e participating) scoredf = f50% 45% 35%g.
Howewer, the methods were tested on the whole test database, not only on the sample
images. Another point is that a scaleintegration post-processingstage, like grouping over-
lapping fragments, would surely improve the nal scoreby a ecting the recall indicator
directly. Somequalitativ e results are depicted in Figs. 7 (e-h).

Indicators
Dec | Precision p{%) | Recall r{%) | Final f (%)
3 46.24 40.21 40.11
4 45.40 40.23 39.80
5 45.08 40.24 39.60

Table 2: Best quartitativ e results on ICDAR images.

| got my M.S. degreein April, 2005 [6] and a short version of the work was published
in Septenber of the sameyear, in an international conferenceproceedings[5]. Last Oc-
tober, it received the \Best Image Processingand Computer Vision paper award" at the
Workshop of Thesesand Dissertations on Computer Graphics and Image Processingof the
IEEE XIX Brazilian Symposium on Computer Graphics and Image Processing,the most
important Brazilian conferenceon the subject, and was pre-selectedfor publication in a
national journal [7].

The whole text segmetation systemand testing routines were implemented in Matlab 6.5
to run on a virtual Windows machine. I've also deployed the system as a web service, by
usingthe Matlab 7 web sener padkage,this time running on Linux directly [8]. The system
allows the userto input oneimage le, set parametersand inspect text segmetation re-
sults and someintermediate steps' outputs of the algorithm. Sincethe Matlab web sener
entry point application doesn't support multipart/form-data cortent exchanging, | wrote
a C++ CGl front-end for this software, allowing the upload of image les.

5 Research and Development Technical Consulting:
Fingerprin t Verication (10/2005 { now)

5.1 Overview

Since October, 2005, | work as a third-part y R&D technical consultarnt for Quali Consult
S.A., a local engineeringcompary of the state of Minas Gerais, Brazil. They are building
a biometric Public Key Infrastructure (PKI) solution and my responsibility is to dewvelop



the authentication part of the underlying architecture. More speci cally, I'm working on
ngerprin t image veri cation.

5.2 Solution

Oncethat | had no experiencewith respect to ngerprin t image analysis, throughout the
rst months | read about general biometrics, ngerprint enhancemety veri cation and
recognition. At that time, | alsotested a few sourcesavailable on the internet and wrote
someof my own. Then, during the presen year, | developed a correlation-basedsolution
founded on the widespread FingerCode veri cation method, that | call \zoning descrip-
tor". This technique producestemplatesby: nding the certer of the ngerprin t, enhancing
its neighborhood and extracting gray-level features from tessellatedcells at the enhanced
portion of the image. | decidedto use features basedon ngerprint enhancemen after

implementing and inspecting someresults, for examplethe onein Fig. 8.

Input image Segmemation Gabor ltering Thresholding

Figure 8: Fingerprint image enhancemeh and the outputs of segmemation, gabor ltering
and binarization stages.

Zoning di ers from the FingerCode becausezonedfeaturesare computed on the enhanced
neighborhood of the detected certer, not on the ngerprin t's gabor Itering results. Zoned
featuresare, in fact, percert valuesof white pixels at ead tessellatedcell, whereasFinger-
Code features are reported asthe variancesof ead gabor- Itered tessellatedcell.

Oneof the main di culties whenworking with both zoningand FingerCode represenations
is certer detection. Usually, certer detection is implemerted by examining the Poincare
indices around ead pixel of the image and deciding whether or not a certer exists there.
Fig. 9 shows a successfullydetected certer of a given ngerprint. To avoid false certers, a
very simple rejection schemeis employed: if the tessellation circumferenceextrapolatesthe
ngerprin t areathat was previously determined at segmetation, the corresponding certer



is discarded. One may predict that this approad canleadto the acceptanceof seweral fake
certers when the tessellation circle has a small radius and/or the segmemation does not
works properly. That's exactly what happens{ Fig. 10 showns two di erent problematic
situations: in the rst one,the systemoutputs se\eral certers nearthe ngerprin t margins.
In this case,it may be easyto keeponly the correct certer, if someassumptionsabout its
position or neighborhoods are allowed. However, whenewer two or more certers are found
at the certral region of the ngerprint, a deeper investigation should be carried, specially
when it is necessaryto keepjust one certer per ngerprin t.

Figure 9: Zoning feature extraction for a certain ngerprint, with 4 tessellation bands
of radius 5, at 8 orientations, after segmemation. The detected certer appearsin green
and rejected onesin red. In the last two images: the tessellation circle at the enhanced
neighborhood (top) and its corresponding vector (bottom).

5.3 Preliminary Results and Implemen tations

Experiments were performed on the sampleimagesof the Fingerprint Veri cation Contest
of 2002 (FV C2002), on databasesDB1, DB2, DB3 and DB4. Eac test casecorresponds
to a set of parameters and a target image database. The purposeof the tests is to nd

the parameters that minimize the equal error rate (EER) for a given database and the
corresponding comparisonthreshold. By now, only the zoning descriptor was tested, but
tests on the FingerCode are on their way. Current results reported very high EERs for
databasesDB1, DB3 and DB4, that's why only the results of DB2 were detailed in this
section. Furthermore, the discussionthat follows is basedon the indicators produced by
the best set of parameters (Tab. 3).

Here, a template is the set of zoning feature vectors corresponding to the detected certers



Figure 10: Two obsened certer detection problems. In the rst case,the systemdetectsa
correct certer, but seweral wrong others at extreme positions. The positional dissimilarity
between the correct and fake certers suggeststhat simple heuristics could be used to
choosethe right one. In the secondsituation, two certers were detected at the middle of
the ngerprin t, being hard to selectthe correct one.

Zoning Descriptor Information
Tessel.bands (units) | Band radius (pixels) | Templ. size (units)
4 5 32

Table 3: Zoning parametersthat minimized the EER of DB2. The output template, in this
test case,is a vector of 8 orientations 4 bands = 32 double elemerns. Eadc tessellated
cell has 5 pixels of radius.

for the given ngerprint. The comparison between two imagesis performed as follows:
ead detected certer's zoning vector of image A is correlated with all the detected certers'
vectors of image B. The greatest correlation scoreis assumedto be the comparisonresult
of A and B.

Templatesand indicators were computed basedon the protocol of the FVC2004: in enroll-
ment, onetemplate is computedfor ead ngerprin t and comparisontests are run according
to geruine or impostor attempts. In the rst case,ead nger's imageis comparedto the
remaining and, in the second,its rst imageis comparedto the rst image of all the other
ngers. Once that the tested databaseshave 10 usersand 8 ngerprin ts per user, 280
geruine and 45 impostor veri cation attempts were conducted for ead database. Enroll-
ment and comparisonresults appear in Tabs. 4 and 5. \Fail to enroll" refersto situations
when the system, due to any reason,wasn't capable of producing a template for a nger-



print image. Comparing failures correspond to attempts that didn't result in a comparison
score. Sincetime or memory restrictions were not imposedat any stage of the tests, fail
to comparealways happenedwhen at least one of the ngers being compareddidn't have
a corresponding template.

From Tab. 4, it's possibleto seethat the large amount of time neededin enrollment is a
consequenceof the excessie number of detected certers, since feature extraction is exe-
cuted for every detected certer. This is an expected result becausethe certer rejection
criterion is almost entirely based on the size of the tessellation circle { no ngers were
rejected and there were ngers with up to 196 detectedcernters. Both Tab. 5 and the ROC
graphic of Fig. 11 presen the best discrimination results obtained: the EER is lessthan
20%, which meansthat a veri cation systembasedon this descriptor may work properly
(in average)6 times out of 10 attempts with 2 false non-matches(incorrect rejections) and
2 false matches (incorrect acceptances).Again, the huge correlation time is a result of the
excessie number of detected certers.

Figure 11: Receiwer Operating Characteristic (ROC) curve, with false match (FMR) and
false non-match rates (FNMR). Each red dot is a threshold. The black square refers to
the threshold which error was closestto the equal error rate (EER) and indicates the
corresponding valuesof FMR and FNMR.



Enrollment Indicators
Fail to enroll | Failure time | Succesgime | Template size | Max. template size
(%) (s) (s) (certers) (certers)
0 0:00 0:00 | 4622 556 | 2536 4136 196

Table 4: Enrollment results (mean  standard deviation).

Comgparison Indicators
Fail to compare | Avg. comp. time | Geruine att. | Imp. att. EER
(%) (s) (s) (units) | FNMR/FMR(%)
0 5560 18423 280 45 20.11/11.11

Table 5: Comparisonresults (mean standard deviation).

Finally, false match rates must be sewerely reduced. The developmen of a more restrictive
center selectionapproac might help, sincethere is a possibility that the high number of
certers alsoin uences the FMR. This can happenbecauseunder somecircumstances,two
dierent ngers may have similar spurious zoning vectors and a comparison between the
two would result in a high correlation score,that is, a false match. That may be also the
reasonbehind the poor performanceof the systemfor databasesDB1, DB3 and DB4. On
the other hand, it is important to point out that this restrictive certer selection scheme
should work ideally without increasingtoo much the fail to enroll rate, otherwiseit would
a ect the falsenon-match rates by increasingrejectionsaswell, sinceless ngerprin ts would
have their templates computed. Another workaround to the high number of false matches
is to set the systemto operate under zero FMR rates, and it would wrongly reject 4 n-

gerprints out of 10 (again from the ROC of Fig. 11).

The algorithms were all coded into C++ routines to run on a Linux PC including n-
gerprint enhancemen that was also deployed as a CGl demonstration [8]. Except for
the gabor, max and min ltering functions, ewerything was implemented using the Intel
OpenCV 0.91ib.
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